Background/Aims: Ovarian cancer (OC) causes more death and serious conditions than any other female reproductive cancers, and many expression signatures have been identified for OC prognoses. However, no significant overlap is found among signatures from different studies, indicating the necessity of signature identifications at the functional level. Methods: We performed an integrated analyses of miRNA and gene expressions to identify OC prognostic subpathways (pathway regions). Using The Cancer Genome Atlas data set, we identified core prognostic subpathways, and calculated subpathway risk scores using both miRNA and gene components. Finally, we performed global risk impact analyses to optimize core subpathways using the random walk algorithm. Results: Subpathway-level analyses displayed more robust results than the gene-and miRNA-level analyses. Moreover, we verified the advantage of core subpathways over the entire pathway-based results and their prognostic performance in two independent validation data sets. Based on the global impact score, 13 subpathway signatures were selected and a combined subpathway-based risk score was further calculated for OC patient prognoses. Conclusions: Overall, it was possible to systematically perform integrated analyses of the expression levels of miRNAs and genes to identify prognostic subpathways and infer subpathway risk scores for use in OC clinical applications.
Identification of Subpathway Signatures

Introduction
Ovarian cancer (OC) is a widespread cancer that causes more deaths and serious conditions than any other female reproductive cancer. High-grade serous carcinoma is the major histological subtype (approximately 70%) of OC [1] . Female patients with OC may have no symptoms or mild symptoms until the cancer is in its advanced stages [2] , which then responds poorly to treatment. Treatments for OC patients usually include surgery followed by chemotherapy and targeted therapy, according to the International Federation of Gynecology and Obstetrics (FIGO) staging system. However, the current FIGO staging system is not adequate. Even if OC patients have the same stage and similar clinical characteristics, they may experience different clinical outcomes. Due to the molecular heterogeneity of OC, some patients develop relapses, metastases, and drug resistances earlier than other patients. Gynecologists therefore need more specific OC tumor signatures that are superior to the FIGO staging system.
Bonome et al. used the Affymetrix human U133A microarray and Cox regression analyses to identify 57 signatures that were associated with OC survival [3] . Wang et al. identified 40 prognostic gene signatures in OC patients using the DirGenerank method [4] . However, even though these prognostic signatures possessed efficient power in their respective studies, there was no significant overlap among components in signatures. One possible reason for the poor overlap was that different components of signatures were involved in separate aspects of the same biological functions or pathways. Compared to gene-based signatures, function-based signatures could represent sets of genes with consistent functional roles that could result in a more robust performance. In addition, function-based analyses could resolve the dimensioned issues of transcriptomic data with more variables than the sample number [5, 6] .
Recently, studies have analyzed tumor mechanisms at the functional or pathway levels. Ooi et al. developed an approach to identify the associations between molecular pathways and tumor profiles [7] . Similarly, Huang et al. developed a pathway-based model for survival prediction by combining Cox regression and functional information [8] . Another method, FAIME, was developed to generate "mechanism signatures" using rank-weighted gene expression levels derived from individual samples [6] . However, function-based analyses for identifying OC prognostic signatures has not yet been reported. More importantly, most of the above methods only considered gene expression to characterize function-level conditions, while ignoring the regulatory roles of non-coding RNAs.
MicroRNAs (miRNAs) are a class of non-coding RNAs that display key regulatory roles at the post-transcriptional level by binding to the 3′-untranslated regions of messenger RNAs (mRNAs) [9, 10] . The miRNAs were reported to be involved in tumor initiation, progression [11, 12] and prognosis [10] . For OC, some researchers also confirmed that miRNAs affected sensitivity of platinum [13] and tumor metastasis [14, 15] . Some studies have performed functional analyses (i.e., risk pathway identification) using miRNAs. In 2015, Kretschmann et al. performed pathway identification by counting miRNA numbers using the over-representation analysis strategy [16] . The integrated analyses of miRNA and mRNA expressions have also been used for many other purposes, including tumor biomarker identification [17] , miRNA target optimization [18] , and glioma mechanism analyses [19] . In our previous study, we constructed a glioma core survival network by simultaneously considering miRNA, mRNA expression and pathway topology, showing that the core survival network could effectively predict patient clinical outcomes [20] . It is therefore important to integrate miRNA and mRNA biomolecules for interpreting heterogeneous diseases, especially for tumor prognoses.
Biological pathways display advantages over gene ontology terms because of pathway topology structures. However, the large number of gene components within entire pathways present challenges for precise medical analyses. To resolve this issue, the subpathway (pathway regions) was defined based on pathway topology [21] . Compared with entire pathway, the subpathway contained a small set of components and reflected detailed functional conditions. Furthermore, it has been reported that abnormalities of subpathways, and not entire pathway, were involved in disease etiology [21, 22] . Recently, subpathwaylevel analyses were also applied to systematically characterize mechanisms of drug actions [23] and miRNA regulation [24] . In 2015, we performed integrated analyses to identify a cell cycle subpathway as a signature for the prognoses of lung cancer patients [25] . To further expand the roles of miRNAs when performing subpathway-level analyses, our laboratory included miRNA molecules into the pathway topology structure to develop an available R package (subPathwayGMir) for miRNA and mRNA integrated analyses [26] .
In the present study, we comprehensively integrated high-throughput miRNA and gene expressions to identify OC survival-related subpathways and to calculate subpathway risk scores for patient prognoses. Using The Cancer Genome Atlas (TCGA) data set, we found that the subpathway-level results were more robust than the gene-and miRNA-level results. Regarding prognostic performance, the core subpathways displayed more predictive power than core pathways. Finally, we identified a 13 subpathway signatures using risk impact analyses based on global pathway networks, and confirmed independent predictive power of the subpathway signature using two validation data sets.
Materials and Methods
Datasets
Training data set from the TCGA. The OC data set, including molecular data and patient clinical information, was downloaded from the TCGA portal. For the molecular data, the gene expression was generated using HTseq-FPKM, and miRNA expression was generated using BCGSC miRNA Profiling. The average expression values were calculated for duplicated samples. Moreover, we eliminated samples with survival times < 30 days, because these patients might have died for reasons other than the disease [27] . In this study, the expression data and clinical information of a total of 370 patients were used as the training set. For comparative analyses, we further randomly divided this data set into two subsets (TCGA set 1 and TCGA set 2), which contained the same number of patients. The patient clinical features of these two subsets are listed (for all online suppl. material, see www.karger.com/doi/ 10.1159/000485492) in Suppl. Table 1 .
Validation data sets. We obtained two available validation data sets to test the prognostic performance of subpathway signatures. The validation data set 1 was downloaded from the study of Korsunsky et al. from Gene Expression Omnibus (GEO) database [28] . The access number of gene expression was GSE81778 and the access number of miRNA expression was GSE81873. Finally, the expression data sets and clinical information of 19 patients were utilized. We also obtained validation data set 2 from International Cancer Genome Consortium (ICGC) database (http://icgc.org/). Within this data set, a total of 93 OC tumor samples with available miRNA, gene expression, and clinical information were analyzed.
Biological pathway information
The information regarding biological pathways was derived from the Kyoto Encyclopedia of Genes and Genomes PATHWAY database. We applied Bioconductor package SubpathwayGMir [26] to obtain all biological pathways, including 152 metabolic pathways and 191 non-metabolic pathways, and utilized these pathways to identify OC survival-related subpathways.
Subpathway identifications and risk score calculations
We identified survival-related subpathways by integrated analyses of survival-related miRNAs and genes. The detailed procedure was as follows: i) Identification of survival related miRNAs and genes. First, we identified the survival-related miRNAs and genes using the univariate Cox regression.
ii) Locate subpathways mediated by miRNAs. We mapped the survival-related miRNAs and genes as signature nodes into the reconstructed pathway graphs obtained from the SubpathwayGMir package [26] . We then computed the shortest path between any two signatures, and two parameters (n and s), controlling the intensity of signature signals and the size of candidate subpathways. The default parameters, n = 5 and s = 5, were used in the calculations. iii) Evaluation of the statistical significance. To evaluate whether the located subpathways were associated the patient prognoses, we further utilized the hypergeometric method to calculate the statistical significance as follows:
In the formula, m g (m mir ) was the number of genes (miRNAs) in the entire genome (miRNAome), and n g (n mir ) was the number of survival related genes (miRNAs), of which r g (r mir ) genes (miRNAs) were included in the subpathway region containing t g genes (t mir miRNAs). The adjusted P-values were calculated using the Benjamini-Hochberg method.
For each subpathway, we calculated risk score by considering miRNA and gene components. The score was a linear combination of expression values of each miRNA and gene in the subpathway multiplied by weighted values estimated using univariate Cox proportional hazards regression. Based on the risk score, a subpathway-based matrix with subpathways as rows and OC samples as columns was developed. We respectively identified prognostic subpathways using two TCGA subsets and the common subpathways between two subsets that were derived from the same entire pathway were regarded as core subpathways. Furthermore, we merged these core subpathways if they satisfied the following formula:
In the formula, the P i and P j were two subpathways from the same entire pathway.
Global risk impact evaluations
Based on core subpathways, we performed global risk impact analyses to optimize these subpathways using random walk algorithm [29] . First, we merged all biological pathways to construct a global pathway network that contained miRNA and gene components. Then, we annotated survival-related miRNAs and genes within these core subpathways into the global network, and regarded these miRNAs and genes as seed nodes. Finally, random walk algorithm was used to evaluate the global risk impact of seed nodes on all miRNA and gene components as follows:
where W was the column-normalized adjacency matrix of the global pathway network, which consisted of 0 and 1. P t was a vector in which a node in the global network held the probability of finding itself in process up to step t. In this study, the initial probability vector, P 0 , was constructed in such a way that equal probabilities were assigned to all seed nodes, and the sum of their probabilities was equal to 1. Additionally, the restart of walker at each step was r (r = 0.7). When the difference between P t and P t+1 fell below 10
, the probabilities reached a steady state. Then, all miRNA and gene components obtained their scores according to the values in steady-state probability vector, P ∞ .
Survival analyses
We utilized Cox proportional hazards regression to identify survival-related miRNAs and genes based on corresponding high-throughput data sets. For subpathway risk matrix, K-mean clustering method (K = 2) was used to divide tumor samples into two risk groups, low-risk and high-risk, according to the subpathway risk score. Based on the 13 subpathway signatures, a Combined subPathway-Based Risk (CsPBR) score was calculated as the average value of these 13 subpathway risk scores, For each OC sample, a CsPBR score was assigned and the median CsPBR score was used as cut-off for OC sample classifications. The Kaplan-Meier method was used to generate survival curves and the difference between survival curves was evaluated using the log-rank test. All tests were two-tailed, and a P-value < 0.05 was considered a significant result. 
Results
Subpathway-level results were more robust than miRNA-and gene-level results.
To perform robust analyses of different level results, we first randomly divided the 370 samples from TCGA training data set into two subsets, TCGA set 1 (n = 185) and TCGA set 2 (n = 185). The results showed that there was no significant difference between the clinical characteristics of these two sample sets (see online suppl. material, Suppl. Table 1 ). In the TCGA set 1, we identified a total of 1, 511 survival-related genes and 95 survival-related miRNAs using univariate Cox analyses with a value of P-value < 0.05, and 82 survival-related subpathways were identified using integrated analyses of survival-related miRNAs and genes with adjusted P-value < 0.05 (see Materials and Methods; Fig. 1A ). In the TCGA set 2, we identified 2, 104 survival-related genes and 132 survival-related miRNAs with P-value < 0.05, and 140 prognostic subpathways with adjusted P-value < 0.05.
To compare the robustness of the subpathway-level and miRNA-or gene-level results, we evaluated the component consistencies for different levels using these two TCGA subsets. The significance of common components in each level assumed that even with biological variabilities and patient heterogeneities, the higher consistencies between different subsets indicated a higher quality in the signature selection. Fig. 1B shows that at the subpathway level, the 82 subpathways from set 1 and 140 subpathways from set 2 entirely shared a total of 61 pathways, and the P-value calculated by the hypergeometric test was 1.1E-16 (pathway background number: 343). For example, subpathway path: 00010_1 from set 1 and subpathway path: 00010_2 from set 2 were derived from the same entire pathway (path: 00010). However, at the miRNA and gene levels, poor consistencies between components were observed; only 10 miRNAs were shared by 95 miRNAs from set 1 and 132 miRNAs from 
set 2 (P-value = 0.12; miRNA background number: 1881), and 104 genes were shared by 1, 511 genes from set 1 and 2, 104 genes from set 2 (P-value = 0.55; gene background number: 30354). When setting more strict cut-off values for identifying subpathways, we also observed significant robust results at the subpathway level (P-value = 8.9E-16 for adjusted P-value < 0.01 and P-value = 1.1E-12 for adjusted P-value < 0.001; Fig. 1B ). Similarly, we set different cut-off values to identify the survival-related miRNAs and genes. Only 14 gene components were significantly shared between the two TCGA subsets when P-value < 0.01 at the gene level. By analyzing the consistencies of signatures, these results confirmed the subpathway-level results were more robust than the gene-or miRNA-level results. In this study, the subpathways (pathways), which were shared by two TCGA subsets, were regarded as the core subpathways (pathways).
Core subpathways predict patient clinical outcomes in the TCGA data set.
For each of the core subpathways, a risk score was calculated for each tumor sample by considering all the miRNA and gene components in this subpathway, which included survivalrelated miRNAs and genes and non-survival miRNAs and genes (see Materials and Methods). We identified core subpathways using one of the TCGA subsets, and tested the predictive performance using another subset. This process involved a subpathway risk matrix formed by calculating the risk scores using Cox weighting values from one TCGA subset (inner training set) and the expression values from another subset (inner testing set). Based on the risk score matrix, we performed K-mean clustering to classify tumor samples from the inner testing set into high-risk and low-risk groups, and the log-rank method was used to calculate significant difference of survival times between these two risk groups. Suppl. Fig. 1A and 2B (see online suppl. material) show that the core subpathways that were identified by an adjusted P-value < 0.05 significantly predicted patient clinical outcomes (log-rank P-value = 0.013 in TCGA set 1 and log-rank P-value = 0.031 in TCGA set 2). When considering more Left panel, the signatures obtained using an adjusted P-value < 0.05; middle panel, the signatures obtained using an adjusted P-value < 0.01; right panel, the signatures obtained using an adjusted P-value < 0.001. The red and green circles designate the results of the subpathway signatures and pathway signatures, respectively. The grey circles designate the random results. stringent cutoff values (0.01 and 0.001) to identify core subpathways, we also observed that the core subpathways were significantly associated with OC patient survival (see online suppl. material, Suppl. Fig. 1E , 1F, 1I and 1J). To further test the robustness of the survival results, we perturbed the patients' survival times and developed 1, 000 random clinical data sets. Again, we performed survival analyses for the core subpathways based on these random clinical data sets. Finally, their prognostic performances were evaluated with true results in both TCGA subsets by using the negative log-transformed P-values of the log-rank test. The higher the two scores, the better the prognostic signature performance. Fig. 2A and 2B show that the core subpathways displayed better predictive performance in the true data set than these random data sets; only 6, 3, and 2 cases of 1, 000 random analyses displayed better predictive results. In conclusion, these findings showed that the core subpathways were associated with OC patient prognoses.
Prognostic performance comparisons between core subpathways and pathways
Similar to the subpathway level, we also performed survival analyses to test whether corresponding entire pathways could significantly predict OC patient clinical outcomes. First, using the two TCGA subsets, we calculated the risk scores for each of core pathways by considering all the miRNA and gene components involved in the entire pathway. Notably, the entire pathway contained more components than the corresponding subpathways. Then, based on the pathway risk matrix, the K-mean clustering method was used to divide tumor samples into low-risk and high-risk groups. Finally, the log-rank test was used to calculate the statistical significance of survival difference between these two risk groups. Suppl. Fig. 1C and 1D (see online suppl. material) show that the 61 entire pathway (with adjusted P-value < 0.05) did not show prognostic significance in the two TCGA subsets (P-value = 0.449 in set 1 and P-value = 0.201 in set 2). Consistent survival results were also observed in the 50 and 31 core pathways with less adjusted P-values (see online suppl. material, Suppl. Fig. 1G, 1H,  1K and 1L) . Moreover, the prognostic performance of the entire pathways was similar with the random results ( Fig. 2A) , reflecting the advantage of subpathway-level analyses over the entire pathway analyses.
Core subpathways predict patient clinical outcomes in two validation data sets.
For the core subpathways with adjusted P-value < 0.05, we further merged the subpathways that were derived from the same entire pathway and shared enough components (see Materials and Methods). The detailed workflow is shown in see online suppl. material, Suppl. Fig. 2 . As a result, a total of 106 core subpathways were identified To further test the prognostic values of these subpathways, we utilized the total TCGA data set as training set, and the two data sets from GEO and ICGC as testing sets. Similarly, the risk score was calculated for these 106 core subpathways, and a subpathway matrix with subpathways as rows and OC samples as columns was formed for validation data sets. In the GEO validation data set, the 106 core subpathways were not significantly associated with patient clinical outcomes (P-value = 0.656; see online suppl. material, Suppl. Fig. 3A ). These core subpathways were significantly associated with patient clinical outcomes with P-value = 1.46E-04 in the ICGC validation data set (see online suppl. material, Suppl. Fig. 3B ). We also tested whether the miRNA and gene components within these subpathways were associated with patient survival. We performed the K-mean clustering method for validation data sets by utilizing the expression levels of miRNAs and genes, and the log-rank was used to calculate the survival difference. Suppl. Fig. 3C and 3D (see online suppl. material) show that the miRNA and gene components within core subpathways also significantly predicted OC patient clinical outcomes with P-value = 0.048 and 8.3E-05 in the two validation data sets.
Thirteen subpathway signatures were identified by global risk impact analyses.
To further optimize the 106 core subpathways, we performed a global risk strategy using random walk method based on global pathway topology structure (see Materials and Methods). During random walk process, the survival-related miRNAs and genes within core subpathways were regarded as seed nodes, and all miRNA and gene components were assigned a global impact score based on the final steady-state probabilities. The impact score reflected the associations of each component and seed nodes which represented prognostic signals in the global pathway network. Because the scores of most components were very similar, the scores were further log 10 transformed and regarded as the global impact (GI) score (the more negative of GI score, the less significant). The GI score for core subpathways was defined by calculating the average GI score of all miRNA and gene components within this subpathway. Fig. 3 shows the GI score distribution for the miRNA (gene) components and all core subpathways. The top 13 subpathways with high GI scores were defined as prognostic signatures (see Fig. 4 ).
Based on these 13 subpathways, we further defined a CsPBR score for each OC patient, which indicated the average risk score of these key subpathways (see Materials and Methods). We further tested the prognostic performance of the 13-subpathway signatures using two validation data sets. Assigning the median CsPBR value as the cutoff, we divided the OC samples from validation data set into two risk groups. The log-rank method was used to calculate the survival difference between different risk groups. In the GEO data set, the median survival time of patients with higher CsPBR scores was 29.5 months, whereas the median survival time of patients with lower CsPBR scores was 64 months. The log-rank result showed that the subpathway signature was significantly associated with patient prognoses with log-rank P-value = 0.013 (see Fig. 5A ). In the ICGC data set, the median survival time of patients with higher CsPBR scores was 822.5 days, whereas the median survival time of patients with lower CsPBR scores was 1, 527 days. Similarly, the log-rank result showed that the subpathway signature was also significantly associated with patient prognoses with logrank P-value = 0.025 (see Fig. 5B ).
Discussion
For certain types of tumors, the gene components of signatures derived from different studies often poorly overlap, which emphasizes the need for a function-based strategy [5, 6] . In the present study, we first identified the survival-related miRNAs, genes and subpathways using two TCGA subsets. By comparing the consistency of signatures, we found that the function-level results were more robust than the miRNA-and gene-level results, which was consistent with previous findings. In addition, we used both miRNA and gene expressions in the subpathway identification based on the reconstructed pathway platform containing miRNA molecules. This is the first study done to identify OC prognostic subpathways by integrating both miRNA and gene components. Based on these survival-related subpathways, we further calculated risk scores by combining Cox coefficient and expression values of all miRNA and gene components involved in corresponding subpathway. Notably, the survival-related subpathways were identified from survival-related miRNAs and genes using hypergeometric test; however, all components within the subpathways were included in the risk score calculations. The risk score therefore reflected the average risk conditions at the subpathway level. During the risk score calculations, we utilized different data sets to obtain the Cox efficient and expression values. As an example, the subpathway risk score for TCGA set 2 was calculated by combining the Cox efficient from TCGA set 1 (inner training set) and the expression values from TCGA set 2 (inner testing set) based on all miRNAs and genes. In the validation verification, the TCGA data set was treated as training set and the validation data sets as testing sets.
In the prognostic performance comparison, we observed that the core subpathways displayed better predictive power than the entire pathways, which reflected the advantage of subpathway-level analyses. In the survival analyses, clustering method was used to divide all analytical samples into high-risk and low-risk groups based on the subpathway risk scores. However, the sample number was not balanced between these two risk groups obtained by K-mean clustering, and the 106 core subpathways were too many for a specific medical diagnoses. We therefore performed global impact analyses to select the higher risk subpathways as prognostic signatures, and developed CsPBR scores for dividing tumor samples, which overcame two issues mentioned above. We considered two aspects, enrichment analyses by survival-related miRNAs (and genes) and global impact scores for all miRNA (and gene) components, to identify the 13 subpathway signatures.
Among these 13 subpathways, one subpathway (path: 04666_2) from Fc gamma R-mediated phagocytosis ranked first with a GI score of −2.702. It has been confirmed that genes from Fc gamma R-mediated phagocytosis were abnormally expressed in breast cancer, which was another type of female tumor [30] . And the mTOR signaling pathway was often dysregulated in OC patients [31] . Moreover, some cancer subpathways, including renal cell carcinoma (path 05211_1), prostate cancer (path 05215_2), and pancreatic cancer (path 05212_1) were also identified, suggesting the presence of similar pathological mechanisms among these tumors and OC. In addition, some miRNA and gene components within these subpathways were also involved in the OC biological mechanism. For example, Ling et al. speculated that miR-451 was a novel prognostic marker, and the regulatory roles of miR-143 in the epithelium of OC patients have been confirmed [32, 33] . And these two miRNAs were both included in the subpathway (path: 04666_2) with highest GI score.
We integrated high-throughput miRNA, mRNA expression, and pathway structure to systematically identify a 13 subpathway signatures, and define CsPBR scores for predicting OC patient clinical outcomes. Sample-matched miRNA and mRNA expression data set with patient survival data has recently been developed, and further survival verification for 13 subpathway signatures using more data sets was necessary. Overall, the results of the present study are potentially useful for understanding the mechanism of OC, and identifying functional signatures for patient clinical prognoses.
